111 sampling surveys undertaken by professional scientists. Temporal variation in common dolphin 112 densities is discussed in relation to mass mortality events and bycatch within the study area. The 113 strengths and limitations of citizen science data are discussed, and recommendations given for 114 accurate and robust citizen science monitoring data.
115 Materials & Methods 116 Survey area 117 Our study regions include the Bay of Biscay, a heterogeneous area incorporating relatively 118 shallow coastal areas, the continental shelf edge, and deep-water canyons (Certain et al., 2008 127 Data collection 146 Observer experience was calculated as a proxy of the number of sightings they had over the total 147 distance in km travelled while on effort during surveys. Observer eye height (height of reticle 148 from the sea), was determined to be the height of the platform in addition to the height of the 149 average UK adult (1.68 m). Distances calculated from reticle readings were used to calculate 150 perpendicular distance where available; however, distances estimated by eye were also included 151 only if closer than 250 m, due to distance estimation being difficult at sea, especially at greater 152 distances (Gordon, 2001 ). Perpendicular distances from the trackline were over-inflated at 0 m 153 (i.e. on the trackline) due to a prevalence of angles being rounded to 0 degrees. As a result, exact 154 perpendicular distances were converted into 'bins', e.g. all sightings between 0 and 268 m are in 155 the first 'bin', with 'cutpoints' at 0 and 268 m.
156 Distance sampling analysis was carried out in R (R Core Team, 2017) to calculate the probability 157 of detecting animals at distance y from the trackline 164 Detection functions were originally fitted for a single dataset with all routes combined; however, 165 region was found to alter detectability, likely due to varying platform heights. As a result, 166 regions (as defined by OSPAR sea regions: English Channel, Celtic Sea, and Bay of Biscay & 167 Iberian Coast) were stratified, and detection functions and density surface models were fitted for 168 each region separately. A range of detection function models were calculated including hazard 169 rate, and half normal forms, and including up to three covariates that may influence detection 170 probability: group size; region (when the entire dataset was modelled as a whole); sea state; 171 precipitation, visibility, vessel speed; platform height; and observer experience. The effect of 172 truncation distances and cut points on the detection functions was also investigated. Subsets of 173 detection functions were selected that were deemed to have an adequate fit, based on chi squared 174 goodness of fit tests. The best model for each region was selected based on minimising the 175 Akaike Information Criterion (AIC) score. The final models were used to calculate the effective 176 strip width (ESW).
177 Density estimation 178 GAMs allow for non-normal response data, such as count/abundance of a species, to be related 179 to the predictor variables using non-parametric smooths and were used to model abundance with 180 DSMs, whilst accounting for imperfect detection . Environmental covariates 181 which have influenced common dolphin occurrence in previous studies were included ( (Table 3) . Vessel speed, sea state, and group size were retained in the model as they 222 affected detection probabilities, with higher vessel speeds, higher sea state, and lower group sizes 223 resulting in reduced probability of detection. This resulted in a probability of detection of 0.384 224 within the truncation distance ( Figure 3 ). The best density surface model included a 2-way 225 smooth of longitude and latitude (p<0.05) and year (p<0.05), explaining a relatively low 13.2% 226 of deviance but passed model checks for fit, normality, auto-correlation and homoscedasticity. 227 Density was estimated to be 0.025 common dolphins per km (0.016 -0.04 95% CI), with a 228 coefficient of variation (CV) of 0.229. Table 2 ). The best hazard-rate detection function included 260 sightings 235 within the truncation distance of 1000 m (Table 3) . Group size and sea state were retained, with 236 larger group sizes, and lower sea states resulting in improved detection probabilities. The overall 237 detection probability was relatively low compared to other regions at 0.158 ( Figure 2) ; however 238 SCANS-III calculated a similar probability of detection for common and striped dolphins 239 combined of 0.13, also assuming g(0)=1. 240 The best density surface model included a 2-way smooth of latitude and longitude (p<0.01), and 241 1-way smooths of chlorophyll (p < 0.01), year (p < 0.01) and Julian day (p <0.01) explaining 242 23.2% of deviance. There was an estimated density of 0.40 common dolphins per km (CI: 0.305 243 -0.524), with a coefficient of variation of 0.139. The highest densities were predicted to occur in 244 the middle of the route, ~20 km east of the Isles of Scilly ( Figure 4B ). Densities have been fairly 245 stable over time, with a decrease in 2017 (Figure 6b ). Densities decreased towards winter, with 246 stable numbers throughout summer (Figure 6a ). The influence of chlorophyll concentrations was 247 significant, with a slight decrease in density associated with higher concentrations, however 248 confidence intervals are wide, resulting in a high degree of uncertainty (Supporting Figure 6) . 249 Densities were similar between models that included both the onward and return journey (0.4 250 dolphins per km), and models that only included a single leg (0.39 per km), suggesting suitable 251 performance and limited influence of repeated journeys within quick succession. (Table 2 ). The best model was a hazard-rate key function, with 255 569 sightings included within the truncation distance of 1,250 m (Table 3) . Speed, sea state, and 256 group size were retained in the detection function as they affected detection probability, with 293 Densities of common dolphins on the Celtic Sea route have been relatively stable since 2006, 294 however density decreased in 2017. This was also the year with the highest number of stranded 295 common dolphins on the Cornish coast in the past 15 years. The decline in density in 2017 could 296 be a result of the mass mortality of common dolphins before the start of the survey season or 297 show a movement away from the survey area which may also be linked to the mass mortality 298 event. But given the limited extent of the survey, it may just indicate a slight shift in distribution 299 within the Celtic Sea rather than a large scale change in distribution. If the decline continues, it 300 may suggest that further studies are needed to widen the data collection further into the Celtic 301 Sea to explore these changes in density in more detail (e.g. extending survey effort to the 302 Roscoff-Cork ferry route). 303 In the Bay of Biscay, higher densities were predicted in waters up to 2500 m deep, with lower 304 densities closer to the Santander coast, which agree with previous studies (Kiszka et 314 These surveys also provide a complete snapshot of the distribution of the entire population at the 315 time of survey (depending on the extent of the survey). However finer-scale spatial or temporal 316 changes require additional monitoring. Without ongoing monitoring, which can be provided by 317 citizen scientists or local dedicated projects, changes in distribution or abundance may remain 318 unnoticed for an extensive period. Ongoing monitoring has the potential to highlight changes and 319 act as an early warning system, especially for a species such as common dolphins that are 320 vulnerable to bycatch. Up-to-date information on distribution and trends is critical for 321 appropriate and timely management of anthropogenic activities to ensure the conservation of 322 vulnerable species. 323 Benefits of citizen science data 324 Citizen science programmes have the potential to collect large quantities of data over a long 325 period of time, and/or a wide area. The collection of long-term time series such as in this study is 326 often not feasible for designed surveys which can be expensive, especially when chartering ships 327 and paying running costs. Using platforms of opportunity such as ferries and cruise ships can 328 make long-term surveys more affordable. Non-random survey designs, such as those imposed 329 when surveying from ferries, limit inferences that can be made due to limited survey area; 330 however, they are repeatedly sampled providing extensive information on changes across that 331 area. Temporal changes in density do need be considered conservatively, especially in fixed 332 areas covered by platforms of opportunity, as small-scale movements away from or into the 333 survey area could influence these estimates considerably. However, these datasets can be 334 important to inform wider-ranging survey design and form an early warning system about 335 changes in the marine environment. Spatial and temporal trends identified by citizen science 336 projects such as this study can also be used by professional surveyors to determine suitable 337 survey areas and times to survey their target species.
338 Conservation management benefits from up-to-date information to best conserve species. Many 339 designed surveys are conducted infrequently, and citizen science data may allow regular 340 evaluation of populations to inform policy makers and legislators. This is particularly relevant to 341 species which don't often warrant targeted surveys but face inter-annual variability of threats. 342 One such example is the expected inter-annual changes in habitat use of common dolphins, and 343 therefore variable overlap with fisheries that may lead to fluctuating bycatch rates. Whilst it is 344 unlikely citizen science surveys will rival designed surveys for robust data collection, the two 345 methodologies complement each other, with citizen science data filling in the gaps between 346 design-based surveys. 347 Recommendations for high quality citizen science data 348 Citizen science can be a powerful monitoring tool; however, some datasets may possess certain 349 challenges. To maximise the usability and power of citizen science datasets, simple measures can 350 be taken. The following recommendations for high quality citizen science data are based on the 351 authors' experience working with citizen science data and are provided to hopefully improve the 352 quality of similar data. 353 It is important to identify incomplete data or errors early in the data life-cycle. Early 354 identification facilitates timely communication with the data collectors to correct the data where 355 possible or provide further training to improve future data. To maintain quality, data should be 356 checked for accuracy as it is collected in the field, with further exploration for broader patterns 357 soon after the survey. If surveys are conducted as a team, an experienced individual should be 358 responsible for checking that data are logical (e.g. angles are between 0 -359), and accurate (e.g. 359 distances and angles are not rounded). A short cross-over period between recorders can be 360 factored into the protocol, e.g. when the survey team cycles through roles, the old recorder can 361 discuss the current environmental conditions with the new observer to ensure consistency 362 between recorders and continue training if required. When data are collected by lone citizen 363 scientists without in-situ discussion and checking of the data by others, further data validation 364 rules may be required after collection. If the project allows, photographs of a subset of animals 365 could be taken to confirm identification skills, or alternatively a digital quiz could be created to 366 test survey skills and reinforce training.
367 Discussion should be nurtured, and the views of less experienced individuals should be 368 welcomed. This allows their surveying techniques to be evaluated for accuracy; conversely 369 inexperienced individuals are more likely to have recently undertaken structured training 370 courses. If experienced recorders miss on-going training, then there is a chance they could 371 develop bad habits that vary from the intended protocol. It is important for citizen scientists to 372 have a support network with ongoing training and avenues for queries to be addressed. 373 Continued support could be in the form of face-to-face training days with active citizen 374 scientists, mid-season reminders of successes and best practise, or annual training events. 375 In some cases, citizen science data can lack complete spatial coverage of the study area; 376 however, there are often similar projects researching the same species. Coverage can be 377 improved by combining similar datasets, for example the Joint Cetacean Protocol (Paxton et 
